Obstructive sleep apnea (OSA) is a serious sleep disorder which is characterized by frequent obstruction of the upper airway, often resulting in oxygen desaturation. The serious negative impact of OSA on human health makes monitoring and diagnosing it a necessity. Currently, polysomnography is considered the gold standard for diagnosing OSA, which requires an expensive attended overnight stay at a hospital with considerable wiring between the human body and the system. In this paper, we implement a reliable, comfortable, inexpensive, and easily available portable device that allows users to apply the OSA test at home without the need for attended overnight tests. The design takes advantage of a smatrphone's built-in sensors, pervasiveness, computational capabilities, and user-friendly interface to screen OSA. We use three main sensors to extract physiological signals from patients which are (1) an oximeter to measure the oxygen level, (2) a microphone to record the respiratory effort, and (3) an accelerometer to detect the body's movement. Finally, we examine our system's ability to screen the disease as compared to the gold standard by testing it on 15 samples. The results showed that 100% of patients were correctly identified as having the disease, and 85.7% of patients were correctly identified as not having the disease. These preliminary results demonstrate the effectiveness of the developed system when compared to the gold standard and emphasize the important role of smartphones in healthcare.
Introduction
Obstructive sleep apnea (OSA) is a common disorder affecting 2-4% of the adult population [1] , and it is considered to be the most prevalent sleep disorder. There are three types of sleep apnea, namely: central, obstructive, and mixed sleep apnea. Central Sleep Apnea (CSA) occurs when the brain sporadically fails to trigger the breathing muscles in the chest, while obstructive sleep apnea (OSA) occurs when air is physically blocked from flowing into lungs during sleep intermittently. Mixed Sleep Apnea (MSA) is a combination of both central and obstructive sleep apnea [2] . Of the three, OSA is the most common while CSA and MSA are significantly rarer. In most cases, the patient is unaware of the breath stoppages because the body does not trigger a full awakening. As per the American Academy of Sleep Medicine (AASM), OSA is defined as a cessation in the airflow lasting for more than two breaths [2] .
The National Sleep Foundation (NSF) reported that for adults to function healthily they should obtain seven to eight sleeping hours every night [3] . Frequent obstructions of airflow during this period have a considerable influence on the performance of the human during the daytime. OSA causes excessive sleepiness, non-restorative sleep, high blood pressure, cardiovascular diseases, memory loss problems, erectile dysfunction, personality changes, and depression [4, 5] . Besides daytime tiredness, OSA patients may experience job impairment and automobile accidents.
Attended overnight Polysomnography (PSG) is considered the gold standard for OSA diagnosis. To get an overnight OSA test, the patient should stay in a specialized sleep laboratory for more than one night, with 22 wires attached to his/her body in order to record and analyze several neurologic and cardio respiratory signals. This brings great anxiety to the patients and they may not be able to sleep well during the night. Moreover, very few hospitals can accommodate the PSG test and it is rarely found in rural areas, which makes it unavailable for everyone and costly. Because of the aforementioned complications of using PSG, a need has arisen for portable devices with acceptable accuracy, high levels of usability, and depend on acquiring fewer biological signals [2, [5] [6] [7] [8] .
Smartphone technology has become abundant among millions of people. At the same time, the availability and popularity of mobile health (mhealth) represented by health applications (Apps) have also increased. Mobile health applications are now used to support the management of chronic diseases, such as: diabetes, heart disease, and hypertension. Additional examples of mobile health apps include helping people to avoid some bad habits that affect their health, such as: smoking cessation, body weight loss, and reducing alcohol consumption [9, 10] . As the development of mHealth apps and the number of users of mHealth technologies increase, there is a need to understand the usability and learnability of these mobile devices and applications. For this reason, some studies focused on studying the usability and learnability of health apps on smartphones by applying theoretical models, such as: FITT (Fit between Individuals, Task, and Technology) [11] and Health-ITUEM (Health IT Usability Evaluation Model) [10] . Findings from these studies demonstrate the positive usability of smartphones in solving health with some differences in performance among devices.
In this paper, we focus on implementing a portable device that is inexpensive, reliable, and accurate when compared with PSG. The developed design makes use of the pervasiveness of smartphones by designing an Android application that is able to extract the biomedical readings from the patient and analyze them to screen and classify OSA. This screening is considered a preliminary test used to identify people at high risk of having the disease who may need further confirmatory diagnostic tests at a hospital [9] .
In the developed system, we develop an algorithm that combines and analyzes the physiological readings to reliably infer if the patient suffers from OSA. This algorithm draws from conclusions made in published literature, experimental data and tests collected in this work, and finally the consultation of a physician expert who has been actively involved in this project. All readings are analyzed solely on the smartphone without the usage of any external resources. Finally, we examine our system's ability to screen the disease as compared to the gold standard. We performed the tests on 15 subjects, and the results showed that 100% of patients were correctly identified as having the disease, and 85.7% of patients were correctly identified as not having the disease.
The rest of this paper is organized as follows: Section 2 includes a literature review of related research. An overview of the pretest screening and its impact on the probability of having OSA is explained in Section 3. Methods for extracting the physiological signals will be outlined in Section 4. Section 5 explains the algorithms used to analyze the collected physiological signals. Section 6 presents the developed system architecture. Implementation of the application is explained in Section 7. Section 8 is a presentation and discussion of the results. Finally, Section 9 concludes this paper.
Related work
Rapid advances in technology have enhanced the capability of smartphones and added powerful features to them. Nowadays, smartphones play a significant role in different areas including communication, social, education, and healthcare. Kailas et al. [12] mentioned that there are already more than 7000 documented applications concerned with healthcare, and with the increase in deployment of mobile phones, the role of smartphones in healthcare applications is expected to become significantly more pronounced in the coming years. In this section, we first highlight the role of smartphones in healthcare by providing some application examples, followed by a review of some attempts related to the utilization of mobiles in sleep apnea related research. The key features that give smartphones the advantage over the existing healthcare systems include portability, ease of use, and availability among people. Furthermore, smartphones may be used when clinicians are far away from their patients, or in rural areas where computer is not applicable [8, 9] .
Smartphones in healthcare
To detect abnormal Cardiovascular Disease (CVD), Jin et al. [13] and Oresko et al. [14] developed a cell phone-based platform that continuously records the electrical activity of the heart over a period of time (ECG) and analyze it in real-time. The phone-based platform was successful in classifying heartbeats into five categories with a prediction accuracy of more than 90%. Moreover, on CVD, Chen et al. [15] highlighted the fact that Heart Rate (HR) and Heart Rate Variability (HRV) can be accurately assessed from acoustic recordings of heart sounds using only a cell phone and a hands-free kit. The authors have successfully developed a heart rate estimator (and heart sound locator) with a sensitivity of 92.1% and a positive predictivity of 88.4% for detecting heart sound.
Moving to respiratory diseases, Zhang et al. [16] developed a breathing bio-feedback prototype using a smartphone and a breathing sensor. Bio-feedback is considered as an alternative technique in which one can control his/her body functions to achieve the desired results, such as reducing pain. The system acquires breathing using a respiratory sensor, and transmits the signal to a smartphone using Bluetooth technology. The connected sensor provides information (feedback) for the body (bio), and the smartphone receives the breathing signals and generates a visual breathing feedback display to the user. Up to now, only a small range experiments have been done to test the performance of the prototype system.
Another study by Scully et al. [17] measured the respiratory rate using the embedded camera in the smartphone. The developed system used the smartphone to record and analyze the varying color signals of a fingertip placed in contact with the camera. The authors have shown that mobile phone cameras have the potential to measure respiratory rate with a very close results compared with the commercial products.
A recent study addressed the detection of Sudden Infant Death Syndrome (SIDS) [18] . This study used the smartphone's built-in microphone, accelerometers, and other sensors to monitor the infant's heartbeat and respiration. The developed application is adaptive in the sense it learns from its environment and fine tune its parameter accordingly.
Obstructive sleep apnea (OSA) portable devices
HealthGear [19] is one of the first Windows-based mobile applications that uses blood oximetry to detect sleep apnea. The application was tested on 20 participants and the OSA detection algorithms identified with 100% accuracy all 3 cases of known OSA. Cao et al. [20] also used an oximeter combined with an accelerometer in their research to diagnose sleep apnea and other pulmonary diseases. Their work found that body posture can provide complementary information for analyzing the respiratory movement. An experiment to recognize apnea and hypopnea was conducted and the proposed algorithm was applied to recognize apnea and hypopnea in real time. The apnea and hypopnea were identified and the number of the apnea/hypopnea episodes (AHI) was counted automatically. Alqassim et al. [21] presented a proof of concept article discussing the feasibility of using smartphones and their built-in sensors in detecting sleep apnea.
Rofouei et al. [22] extended the work done in [19, 20] and developed a non-invasive, wearable neck-cuff system capable of real-time sleep monitoring and visualization of physiological signals. In this work, only one subject was compared against the gold standard, and it was correctly diagnosed.
The previous studies used threshold-based methods on the data collected by the biomedical sensors to diagnose OSA. On the other hand, some researchers applied data mining techniques, such as [6] , where the authors followed data mining approaches to build an accurate classifier able to detect sleep apnea in a real-time fashion. The technique was tested on 70 participants and an accuracy of 93% was achieved. However, Tseng et al. [23] developed an Android smartphone application to diagnose OSA based on some prediction rules derived by employing decision tree algorithms to a large clinical data set without using bio-sensors. The Application was tested on 540 participants and an accuracy of 96.85% was achieved.
Signal processing techniques have been also used in diagnosing OSA. The authors in [5] proposed an inexpensive OSA screening technique, where they developed an accelerometer-based system by placing an accelerometer on the suprasternal notch. They then analyzed the data using signal processing techniques implemented on a microcontroller. The algorithm was tested on a sample test data and was able to identify and classify the majority of the sleep-apnea test data. However, it requires further refinement and testing on actual sleep-apnea patients.
Pretest probability of obstructive sleep apnea
Reviews reported by health agencies have revealed that portable devices used to diagnose sleep disorders result in high relative error rates compared to Polysomnography (PSG). These error rates are either high false-negative (a result that wrongly indicates the absence of a disease) or false-positive (a result that wrongly indicates the presence of a disease). Due to the high false-negative and false positive ratios for portable devices that diagnose sleep apnea, it is recommended to apply a pretest on patients. In essence, the pretest is simply a questionnaire that includes some questions related to OSA symptoms. The responses give an indication for the possible existence of OSA and it is part of the overall diagnostic process. Only those with a high pretest probability for sleep apnea should use a portable device for the diagnostic. The importance of a high pretest probability becomes clearer if studies that are focused on the general population are compared with studies focused on clinical populations. A high pretest probability reduces the number of false-positive diagnoses [24, 25] . Later in this paper we will show how the pretest is integrated in the proposed algorithm. Following is a list of symptoms collected from the complaints of obstructive sleep apnea (OSA) patients which are used to assess the possibility of having OSA:
Loud and irregular snoring. Observed or reported nocturnal cessation of breathing. Excessive daytime sleepiness. Unspecific mental problems such as fatigue, low performance, cognitive impairment. Movement during sleep. Morning dizziness, general headache, dry mouth. Impaired sexual functions. Obesity.
Methods to extract physiological signals
In the developed system, we use the smartphone's microphone to extract respiratory effort by placing it on the throat (where the obstruction happens). An external microphone connected via a wire to the smartphone is used to record the respiratory efforts. Oxygen saturation level is usually captured by an external Bluetooth-based pulse oximeter, which measures the oxygen level in the blood. An oximeter is a sensor that is placed on a thin part of the patient's body, usually a fingertip or earlobe, or in the case of an infant, across a foot. Body posture and movement can be detected by continuously taking the directions of the body along all axes. An accelerometer can be used to detect these movements.
Researchers typically use an external accelerometer for this purpose. However, in the developed design, we take advantage of the built-in accelerometer in the smartphone. The smartphone will be placed on the patient's arm, and body movement will be detected by calculating the displacement in the three axes (X, Y, and Z).
Methods to analyze collected physiological signals
An apnea event is detected when there is a cessation of airflow for more than 2 breaths or at least 10 s [2] . Based on this definition, we need to detect the obstruction of the airflow, and the accompanied desaturation reflected in the blood. In the developed system, we analyze three physiological signals to screen the obstructive sleep apnea (OSA). The analysis for these signals will be explained in the following subsections.
Oxygen saturation
In the developed implementation, a pulse oximeter is used to measure oxygen level and provide continuous data transmission of a 4 byte data packet sent every second. In the developed system, we use the oxygen desaturation index (ODI) which is defined as the average number of events per hour [26] . An event is detected if the oxygen level is below the average by 4%, and lasts at least 10 s. The following steps are followed to detect an apnea event using SpO2 readings [19] :
Read oxygen level every second. Initial calibration phase. -The level of oxygen differs between individuals, therefore we need to find the average in the first few minutes, and record it. -An event is detected if the oxygen level is 4% below the average calculated in the previous step. Therefore, a threshold is defined as 0.96⁄Average. X = 0.96 Ã N, where X is the threshold and N is the average. Moving calibration phase: -After the occurrence of an apnea event, the oxygen saturation does not return to the same level just before the event. Therefore, we need to recalculate the average and the threshold again. X New ¼ 0:96 Ã N New , where X New is the new threshold and N New is the new average. If the oxygen level is detected to be lower than the defined threshold, then we have to be sure that the event lasted at least 10 s. By the end of the sleeping time, ODI is calculated. OSA is confirmed if one of the following conditions is met: -(ODI P 10) or -(ODI P 5) && (high pretest probability). Fig. 1 shows the oxygen level in the blood for one of our tested subjects, which is extracted from the oximeter every second. When the patient started to snore, a decrease in the oxygen saturation followed. After a few seconds, the oxygen saturation reached a level less than the threshold value that lasted for more than 10 s.
Body movement
Based on research reported by [22, 27] , body movement may cause variation in the pulse oximetry readings. Therefore, any change in the oxygen level that is associated with body movement is eliminated. In the developed application, the oxygen saturation and body movements are synchronized; both readings are recorded at the same time. This synchronization allows us to eliminate the oxygen saturation readings, when movements occur.
The 3-axis accelerometer integrated in the smartphone is used to measure the 3-axis accelerations of the subject body along the directions of the three axes. Body positions are categorized into two types: motion and rest. To classify motion and rest, we need to detect the displacement of the three axes (X, Y, and Z). We may consider the displacement of each axis separately to detect motion or use a concept called Signal Vector Magnitude (SVM) proposed in [20] which reflects the motion intensity of the body. SVM is the square root of the sum of the 3-axis accelerations, the amplitude of which mirrors the motion amount of the body. Therefore, rather than dealing with each axis separately to detect motion, we use the SVM concept to combine the values of all axes and detect the motion. In the developed system, we measure the SVM value of the body in different positions, and notice the difference between them. For example, the SVM value of the body when the patient is lying on his/her back ranges from {À1, 4}. However, the value ranges from {9, 15} when the patient is laying on his/ her side. Therefore, if the difference is more than 5, then a movement is detected.
Respiratory effort
The patient's airflow is recorded by attaching a microphone to the patient's throat. Frequency of breathing is different among people but experimentally has been proven to fall between 200 and 800 Hz [27] . Extracting this range of frequencies allows us to exclude noise and analyze the breathing signal only. Signal processing functions are required to analyze this range of frequencies. The correctness and accuracy of these functions are first verified using Matlab software running on an external server, and then ported to the smartphone Android environment. The following steps are used to detect apnea event using respiratory effort readings:
Read respiratory signal every second. Initial calibration phase: -The energy of the breathing signal differs between individuals, so we need to find the average in the first few minutes, and record it. -An event is detected if the energy is below 90% of the average calculated in the previous step. Therefore, a threshold is defined as 0.9 Ã Average. X ¼ 0:9 Ã N , where X is the threshold and N is the average. -Threshold value can vary due to the differences in the devices being used and their sensitivity [1] . If the energy of the breathing signal is detected to be lower than the defined threshold, then we have to be sure that the event lasts at least 10 s.
By the end of the sleeping period, apnea/ hypopnea index (AHI) which is defined as the average number of events per hour [2] is calculated. OSA is confirmed if one of the following conditions is met: -(AHI P 10) or -(AHI P 5) && (high pretest probability). Fig. 2 shows the energy of the respiratory effort signal for one of the subjects in our work during one minute time window. The spikes in the graph represent the snoring periods. As we can see, the snoring period is followed by an obstruction of the airway, where the energy values are less than the threshold value which is represented by the red line.
Determining the final diagnostic
At this stage, we combine the results of the analysis of the physiological signals (oxygen saturation, body movement, and respiratory effort). The analysis of the oxygen saturation and body movement is used in calculating the ODI index. On the other hand, AHI is computed using the respiratory effort analysis. Finally, we find the average of the calculated ODI and AHI and then make a decision for the existence of OSA as illustrated in the flowchart of Fig. 3 . After finding the average, the severity of OSA is reported based on the following categories [1] :
Mild: 5 6 Average < 15. Moderate: 15 6 Average < 30. Severe: Average P 30.
The collection and analysis of the three physiological signals allow us to find the influence of each physiological signal on the final diagnostic. Each signal can be used in determining the existence of an apnea event, therefore, it can be used to get the final diagnostic. In the developed system, we have determined the final diagnostic based on three proposed data sets, which are:
Partial data set 1: based on oxygen saturation and body movement. Partial data set 2: based on respiratory effort. Complete data set: based on all physiological signals (oxygen saturation, body movement, and respiratory effort), i.e., a combination of partial data set 1 & 2.
System architecture
The developed system consists of four hardware components, which are: a smartphone as a central processing point, an oximeter to record oxygen saturation, a microphone to record respiratory effort, a built-in accelerometer to record body movement, and a Bluetooth interface that is used as a gateway between the smartphone and the oximeter. On the other hand, the system makes use of two software environments, which are: Android Software Development Kit (SDK) and Matlab. Fig. 4 shows the hardware components of the developed system.
Implementation
The developed application consists of four main activities: a DataCollector activity, a Pretest activity, a Diagnose activity, and a Report activity. An activity is an application component that provides a Graphical User Interface (GUI) with which a user can interact in order to trigger an action, such as dial the phone, send an email, or take a photo. An application usually consists of multiple activities that are loosely bound to each other [28] . Fig. 5 shows the main Activities of the application and how they interact with each other.
The DataCollector activity is considered to be the main activity in the application. This activity is the one presented to the user when the application is launched. It is responsible for starting the process of collecting the physiological signals from the patient. Pretest activity is simply a questionnaire that assesses the possibility of an individual having the disease. The answers are then forwarded to the Diagnose activity to be used in the Analysis process. The Diagnose activity is responsible for analyzing the readings collected in the DataCollector activity, and the information passed by the Pretest activity. The Report activity is the last page displayed to the user, in which all the related details are summarized.
Processing the recorded respiratory effort requires filtering the signal and calculating the energy every second. The Android SDK does not contain a specific library for signal processing functions. Therefore, we have implemented the filtering functions in Android, in order to use them in extracting the required frequencies. Since the frequencies lie between 200 and 800 Hz, we have implemented and used a band pass Infinite Impulse Response (IIR) filter. Fig. 6 shows the respiratory effort for one of the subjects in our work during one hour. The spikes in the graph represent the snoring periods, and the dotted black line represents the average threshold value that is calculated during this hour.
Since the application must run for a long time, during which we use the I/O ports and memory excessively, we must take the smartphone's performance under consideration. Choosing the right algorithm and data structure should take high priority in order to improve performance and utilize the available resources. Following is a list of all points that we have taken under consideration in developing the application to enhance the performance and utilize the resources.
Running the application for long periods
Running the application for a long time may impact the performance of the application and it may become unresponsive. In the developed application, the smartphone collects the physiological readings from the patient for long periods (6-8 h) without user interaction. By the end of this period, the application will most likely become unresponsive when the user tries to interact with the Graphical User Interface (GUI), such as by pressing a button. This may happen when long operation takes place in the main thread, which prevents the application to process any GUI events in the application. For this reason, we have implemented an IntentService which handles asynchronous requests (expressed as Intents) off the main thread by way of Intent requests. Each intent is added to the IntentService's queue and handled consecutively. This allows the application to run for a long time with a decrease in the processing overhead. Moreover, if one of the operations takes a long time, it will not affect the response of the application and it will not hang. Running the application for a long time also consumes battery life. However, implementing services, avoiding creating unnecessary objects, and using static over virtual variables have helped in elongating battery life. Therefore, the patient can use the smartphone during the test without plugging it to any power resource, which makes the patients feel more comfortable. Collecting the physiological signals during the sleeping period (6-8) hours consumes (30-40)% of the battery of the used phone (Samsung-Galaxy SII). On the other hand, processing the physiological signals consumes (40-50)% of the battery life. Note that the phone can be connected to the power supply during the physiological signal analysis, since no data reading are required from the patient.
Processing Large Files
Recording the respiratory effort during the sleeping period (6-8 h) results in a file with an average size of 4 GB. To analyze the file, we read it in a vector format, and then perform the required analysis (filtering and energy calculations). This method leads to Out of Memory problem. Therefore, we split the recorded file into segments of one or two hours, and then read and analyze each file separately.
Breaking the recording file into chunks may have an impact on the number of apnea events. An apnea event may start at the end of the recording file, and end at the beginning of the next file. If each file is analyzed separately, then this apnea event will not be considered in the calculation. For this reason, if an apnea event is started at the end of a file, we check if it continues in the next file and satisfies the conditions of an apnea event (i.e., that it lasts at least 10 s).
Avoid creating unnecessary objects
Allocating memory is a very important design consideration in this application's performance. It is recommended to avoid creating objects in the application, since object creation is never free. Allocating more objects in the application enforces the process of periodic garbage collection. Fewer objects create mean less-frequent garbage collection, which has a direct impact on user experience [29] .
Static over virtual
In the developed application, we defined the variables and methods as static. This allows us to access them directly without the need for creating objects. Invocations of static variables and methods are about 15-20% faster when compared to virtual [29] .
Detecting false results
The application reads from three sensors, in the case that the application detects abnormal readings such as zero oxygen level or no respiratory noise, the application will automatically stop and alert the user to rerun the test.
Results and discussion
We performed the test on 15 subjects, 8 of which had already been diagnosed with obstructive sleep apnea (OSA), and 7 who were healthy with no symptoms. The subjects included 14 male and 1 female with different ages. Selecting subjects was conducted in collaboration with a medical sleeping center, and in consultation with the director of the center. The selected patients covered all OSA types (mild, moderate, and severe) in the test. This selection criteria allowed us to measure the capability of the application in classifying all sleep apnea types. The results showed that the apnea/hypopnea index (AHI) values obtained from the developed system are close to the values obtained using the gold standard as shown in Fig. 7 . Furthermore, all suspected patients were correctly diagnosed as having the disease. On the other hand, the healthy participants were all diagnosed correctly as healthy, except for one participant who had a pulmonary disease that led to the only misdiagnosing case. In the following subsections, we will present the impact of the proposed data sets on the final diagnostic. After that, we will discuss the accuracy factors that assess the reliability of the developed system.
The impact of each physiological signal on the final diagnostic
In this subsection, we will assess the accuracy of the classification using partial data sets. The oxygen saturation and body movement are considered one set (partial data set 1), and respiratory effort represents the other set (partial data set 2). While the complete data set represents the case when all physiological signals are used. Table 1 lists the results obtained from each set besides the results of the gold standard.
As seen in Table 1 , all data sets correctly diagnosed the patients as having OSA. However, the severity of patient 3 was incorrectly identified in all data sets. Furthermore, the severity of patient 4 was incorrectly identified in partial data set 2. The values obtained using partial data set 1 (i.e. oxygen level and body movement) are closer to the gold standard values than the values obtained using the complete data set (i.e. oxygen level, body movement, and respiratory effort). This indicates that oxygen level and body movements are more critical to the detection of OSA. Future work will evaluate the effectiveness of using single parameters in detecting OSA. Table 2 shows the error 2 , which is defined as the difference between the squares of the actual and expected values. The sum of these errors is used in calculating the root mean square error (RMSE) as seen in Eqs. (1) and (2):
RMSE value is important in comparing the partial data sets statically. The smaller the RMSE, the more accurate the system is considered to be. The RMSE value of the developed system is found to be 32.5, and it has been noticed that partial data set 1 out performs partial data set 2.
Accuracy factors
When evaluating the accuracy of a clinical test, the terms sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) are used. Sensitivity and specificity do not depend on the disease prevalence in the population of interest. On the other hand, PPV and NPV are dependent on the pervasiveness of the disease in the population of interest. The following terms are fundamental to the understanding of factors that affect accuracy of clinical test [30, 31] In the developed system, we measured the number of true positives, false positives, true negatives, and false negatives. After that we calculate the sensitivity and specificity as shown in Eqs. (5) 
Sensitivity
The values 100% and 85.7% for the sensitivity and specificity, respectively, mean that 100% of patients were correctly identified as having the disease, and 85.7% of patients were correctly identified as not having the disease. On the other hand, 14.3% of patients that did not have the disease were incorrectly identified. Besides the sensitivity and specificity measured above, we calculated the accuracy of the severity classification (Eq. (7)), i.e., how accurately the system classifies the sick people into the correct severity (mild, moderate, and severe). Among the 8 patients that diagnosed as having the disease, 7 of them were classified correctly.
Positive predictive value
The positive predictive value (PPV) of a test is the percentage of positive test results that are true positives. This percentage is dependent on the prevalence of the disease in the population of interest and is useful to clinicians since it answers the question: ''How likely is it that this patient has the disease given that the test result is positive?'' [30] . The PPV is defined as shown in Eq. (8) .
PPV ¼
Number of True Positives Number of True Positives þ Number of False Positives ð8Þ
Negative predictive value
The negative predictive value (NPV) of a test is the percentage of positive test results that are true negatives. This percentage is dependent on the prevalence of the disease in the population of interest and is useful to clinicians since it answers the question: ''How likely is it that this patient does not have the disease given that the test result is negative?'' [30] . The NPV is defined as shown in Eq. (9).
NPV ¼ Number of True Negatives Number of True Negatives þ Number of False Negatives ð9Þ
In the developed system, we measured the positive predictive value and the negative predictive value for the tests done on the 15 persons. The results are reported in Eqs. (10) and (11):
Conclusion and future work
Obstructive sleep apnea (OSA) is a potentially serious sleep disorder, which is characterized by repetitive pauses in breathing during sleep. Several types of sleep apnea exist, but the most common type is obstructive sleep apnea. Polysomnography (PSG) is the gold standard in diagnosing OSA, but it requires an attended overnight test in the hospital, and imposes high cost and discomfort to the patients. In an effort to relieve patients from the requirements dictated by PSG, researchers have experimented with various home-bound and inexpensive techniques for detecting OSA. Due to the popularity of smartphones and their powerful computational capabilities, we propose an OSA detection technique that makes use of the built-in sensors in the smartphone. This detection platform extracts and analyzes physiological signals including oxygen saturation, body movement, and respiratory effort with the final output being a reliable screening and classification of OSA. Following a comprehensive review of published work in this area, we proposed one approach that builds upon previous published work. To ascertain the diagnostic result, we compared our results with the gold standard and were in continuous consultation with a sleep-disorder specialist as well. The smartphone application developed performed as expected in recording and extracting the physiological signals from the patients and analyzing the collected data solely on the smartphone without the need for external resources. Hence, a self-contained, reliable and portable solution. Upon examining our system's ability to screen the disease as compared to polysomnography, we tested the application on 15 subjects. The results showed that 100% of patients were correctly identified as having the disease, and 85.7% of patients were correctly identified as not having the disease. These results demonstrate the effectiveness of the system as compared to the gold standard and emphasize the important role that smartphones can play in healthcare in the future. Currently, the application is limited to only diagnose obstructive sleep apnea. In the future, we plan to modify and add to the application to assist in diagnosing central and mixed sleep apnea as well. Further, an overlap between OSA symptoms and another disease might lead to misdiagnosis. Future work should address this issue by studying the symptoms of the other disease, and identify how to discriminate between it and OSA. 
